The co-twin control design has been widely used in studying the effects of environmental factors on the development of diseases. For binary outcomes that arise from co-twin control studies, the conditional likelihood method is commonly used. This approach, however, does not readily extend to ordinal response data because the standard conditional likelihood does not exist for cumulative logit or proportional odds models. In this paper, we investigate the applicability of the random-effects and GEE approaches in analysing ordinal response data from co-twin control studies. Using both approaches, we re-analyse data from a co-twin control study of the impact of military services during the Vietnam era on post-traumatic stress disorders (PTSD). The ordinal models have considerably increased power in detecting the effects of exposure when compared to the analyses using a dichotomized response. We discuss the interpretation of the estimates from GEE and random-effects models in the context of the twin data.
INTRODUCTION
The co-twin control design is a powerful research methodology for studying the effects of environmental risk factors on the development of disease. The research design may take either of two forms: cohort or case-control. In a cohort co-twin control study, exposure discordant twins are followed for the development of disease. In the case-control study, disease discordant pairs are examined for differences in antecedent exposures. While the co-twin control research design applies to either monozygotic twins (MZ) or dizygotic pairs (DZ), the design is most often used with MZ pairs, because MZ twins are genetically identical and discordance within pairs must be environmental in origin. The advantages of co-twin control design over other epidemiologic designs are twofold: (i) it provides an ideal control group, since MZ twins have the same genetic material, and they may also share a common rearing environment during their childhood and adolescent years, thus MZ pairs are perfectly matched on a multitude of known (genetics, age) and unknown potential confounding factors; and (ii) the twin design reduces the likelihood of selection bias if twins are ascertained from a twin registry.
For dichotomous dependent variables that arise from twin data, the conditional logistic regression is readily adapted to co-twin control studies. Little work has been done on modelling ordinal responses for pair-matched data such as those that arise from co-twin control studies. The primary reason is that the standard conditional likelihood does not exist for the proportional odds model.\ However, models have been developed recently for correlated ordinal data that arise from longitudinal and nested design studies. These models can be grouped into two classes: one is termed the cluster-specific (CS) approach, such as the random-effects ordinal logistic model proposed by Hedeker and Gibbons; the other is termed the population-averaged (PA) approach, such as, the generalized estimation equation (GEE) ordinal models developed by Lipsitz et al. and Genge et al. In this paper, we investigate the applicability of the random-effects and GEE approaches in analysing ordinal response data from co-twin control studies. Using both approaches, we re-analyse data from a co-twin control study of the impact of military service during the Vietnam era on post-traumatic stress disorder (PTSD). In particular, we compare the random-effects approach to the GEE approach for ordinal response data. We also compare analyses that respect the ordinal nature of the response to a dichotomized analysis.
The remainder of this paper is organized as follows. Section 2 describes the data set from the Vietnam Era Twin Registry. Section 3.1 briefly describes the conditional likelihood approach for binary outcomes that arise from co-twin control studies. Section 3.2 describes the GEE approach for ordinal outcomes. Section 3.3 discusses the random-effects approach for ordinal responses. Section 4 presents results from the random-effects and GEE models by analysing the dichotomized and the original ordinal response data. Note that we do not present results from the conditional logistic models applied to the dichotomized responses because they have been presented elsewhere. Section 5 discusses the results.
THE DATA SET: SERVICE IN SOUTHEAST ASIAN (SEA) AND PTSD IN VIETNAM VETERAN TWIN PAIRS
The data of interest were collected in a co-twin control study of the effects of the Vietnam war on post-traumatic stress disorder (PTSD). The sources of data, classification of zygosity, and measurements of PTSD were described in detail by Goldberg et al. In summary, the data used in the study were derived from the Vietnam Era (1965 to 1975) Twin Registry. Information regarding Registry members was obtained in 1987 with completion of a survey questionnaire by mail or telephone or via in-person interviews (74)4 per cent response rate). Zygosity was determined using a previously validated questionnaire technique supplemented with blood group-typing data abstracted from military records.
Information regarding the demographic and military service experience of veterans was obtained from the military service record and the health survey. The exposure variable, service in southeast Asia (SEA), was derived from the health survey based on the response to the following question: 'When you were in the military, were you stationed in Vietnam, Laos or Cambodia; in the waters in or around these countries; or fly in missions over these areas?'. The identification of PTSD symptoms was based on 12 items (many specific to military services experience) in the health survey that closely resembled the list of the symptoms included in DSM-IIIR manual. For each item, every respondent was asked to indicate the frequency of the symptom (very often, often, sometimes, almost never, or never) during the preceding 6 months. In addition, information on important confounding variables was also collected, such as age at the time of enlistment, education level, and branch of service (army, marine, air force and navy).
In previous analyses, the five-level ordinal scale was dichotomized by considering any individual who indicated a frequency of sometimes, often, or very often as a positive response for that symptom. Strong associations between SEA services and the dichotomous measures of PTSD symptoms were obtained using the conditional logistic regression model for matched pairs. In this paper, we re-analyse only one of the PTSD symptoms: nightmares about military experiences.
After eliminating missing data on the response variable, a total of 2497 monozygotic pairs were eligible for the present analyses. Of these pairs, 500 both served in SEA, 854 were discordant for SEA service (one in SEA and the other not in SEA), and for 1143 pairs neither served in SEA. In the group of twins where neither member of the pair served in SEA, the prevalence of nightmares was 6)1 per cent. By contrast, among the twins concordant for service in SEA, the prevalence of nightmares was much greater (23)7 per cent). Among the 854 SEA service discordant pairs (1708 individuals), the prevalence of having nightmares in siblings who did not serve in SEA was similar to that of concordant non-SEA pairs, 8)6 per cent, while the prevalence among siblings who served in SEA was similar to that of pairs concordant for SEA service, 26)5 per cent.
METHODS

Conditional likelihood approach for binary response data from twin studies
Suppose that we wish to study the effects of exposure on a dichotomous outcome. A logistic model can be written as follows:
where ½ GH represents the binary outcome variable for twin j ( j"1, 2) in pair i (i"1, 2 , n). X GH is a p;1 vector of subject-level covariates for twin j in pair i. G represents effects for the variation among twins.
To obtain a consistent estimate of , we can apply conditional likelihood methods. The conditional likelihood is G
where D G "X G !X G is the difference in the two covariate vectors for the twins in pair I. Note that the product is over the n pairs of twins.
The odds ratio of event comparing two twins with and without exposure in pair I:
Through the conditional likelihood approach, we remove the G parameters in equation (1) by conditioning on their sufficient statistics in the likelihood. In addition, this method only uses data from pairs that are discordant on both response and the covariates. Thus, the concordant pairs contribute no information to the likelihood. For a single binary exposure variable, the estimated odds ratio reduces to the ratio of discordant pairs. Since conditional likelihood is unaffected by the sampling scheme (that is, retrospective versus prospective sampling), the method can be used in twin studies of either case-control or cohort forms.
Unfortunately, the conditional likelihood approach does not extend readily to ordinal response data since reduced sufficient statistics do not exist for the cumulative logistic model (proportional odds model).\ Conaway has applied the conditional likelihood approach using the Rasch model to analyse repeated categorical measurements. However, Conaway's model is not a proportional odds model. Agresti and Lang have proposed a method for approximating the conditional likelihood in a cumulative logit model for repeated ordinal data by fitting conditional Rasch models simultaneously for all binary recodings of the ordinal response. However, the model is a log-linear Rasch model and only allows for limited stratification.
Since we cannot derive the standard conditional likelihood for the proportional odds model, we investigate the possibility of employing other methods to fit proportional odds models for ordinal response data that arise from co-twin control studies. As discussed above, our primary interest is in the GEE and random-effects ordinal models.
The GEE approach for ordinal response data
Several authors have extended the original GEE models proposed by Liang and Zeger to correlated ordinal outcomes. For the twin data, a GEE ordinal model can be written as
where k"1, 2 , K!1 for the K categories of the ordinal outcome variable ½, and I is a vector of K!1 intercepts.
This model is an extension of the proportional odds model for independent ordinal data described in McCullagh, Agresti and elsewhere. As with the proportional odds models for independent data, the left-hand side of the equation (1) specifies K!1 cumulative logits, each contrasting the combined first k categories to the remaining combined (K!k) categories. For example, with four possible response categories (coded as 1, 2, 3, 4), the following three cumulative logistics are indicated by the model:
log
The proportional odds model assumes that the effect of the exposure variable is the same across these K!1 cumulative logits, or proportional across the cumulative odds. Thus, a single effect is estimated for exposure, which is the simultaneous effect of exposure on the K!1 cumulative logits. The odds of a response in a category greater than k (for any fixed k) is multiplied by exp( ) for every unit change in the exposure variable.
Lipsitz 
where
is the mean response vector for pair i, (* G /* ) is the vector of first partial derivatives of the mean response G with respect to the regression coefficients , and
is the working covariance matrix. Under this approach, we use the 'working' correlation matrix for the vector of repeated observations to account for the within-pair dependency. For a binary outcome, we can use a simple correlation matrix for the correlation between twins:
where is the correlation of the response between the twins, and " . In the ordinal case, since the marginal distribution of the response is multinomial, the correlation matrix takes a multivariate form:
where I I\ is a (K!1);(K!1) identity matrix and R* M is a (K!1);(K!1) correlation matrix of the K!1 binary response indicators between the twins. For example, when K"4, R* M is a 3;3 symmetric matrix:
The GEE solution involves an iterative procedure that alternates between quasi-likelihood methods for estimating and a robust method for estimating as a function of the parameter estimates until convergence occurs. An important feature of the GEE is that it gives consistent estimators of the regression coefficients and of their variance in large samples even if the assumed correlation matrix is misspecified. Although the GEE approach can account for the correlation between the twins through robust variance estimation, it models the marginal distributions of the response and treats the correlated data as though it were unpaired. So the analysis is analogous to an unmatched analysis.
A random-effects logistic model for ordinal response data
An alternative approach for correlated ordinal response data is the random-effects or mixedeffects approach. For the twin data, we can write an ordinal logistic model as follows:
where G is the random effect for twin pair i and assumed to be distributed as N(0, ). With the proportional odds assumption, the conditional probability of response occurring in category k for twin j within a given pair i is
and (0)"0 and (K)"1. Let ½ G denote the two responses from pair i. The probability of any pattern ½ G given and G is equal to the product of the probabilities of the two responses:
where g( ) represents the population distribution of the random effect, . For integration over , one can use Gauss-Hermite quadrature method to perform the integration numerically by summing over a specified number of quadrature points. One can use an iterative Fisher scoring solution to obtain model parameters and standard errors. The random effect G reflects the dependency between two twins within pair i, over and above the influence of the other model terms. This dependency may be due to unmeasured shared genetic and environmental factors. As the correlation of responses between MZ twins is high, values of G will deviate from zero, resulting in a population variance that is greater than zero. Since the standard logistic distribution has a variance equal to /3, we can express the intracluster correlation (ICC) for MZ twins as
Notice that we can consider the random-effects logistic model for a dichotomous response as a special case of the ordinal model described in equation (12) . With a dichotomous response variable, the random-effects model reduces to
The coefficient measures the change of the logit of the probability of response between one twin without the exposure and the other with the exposure for a given pair (that is, controlling for G ). Hence, the odds ratio e@ describes the within-pair change in the risk of developing the outcome. Clearly, this interpretation is the same as the conditional likelihood model. Additionally, Neuhaus et al. have shown that for subject-level covariates that have no betweencluster component, random-effects logistic models and conditional likelihood logistic models yield nearly identical estimates. Therefore, we expect that the two approaches for modelling dichotomized binary responses provide the same results when only exposure discordant pairs are used in the analyses.
Use of the random-effects approach in modelling co-twin control data is intuitively appealing. We can think of the responses from each member of an MZ twin pair as repeated measures for one pair. The random-effects model assumes that the logit varies from one pair to the next by G . This assumption is reasonable because each pair of twins has its own unique shared genetic and environmental background. Thus, this variability reflects natural heterogeneity due to unmeasured genetic and environmental factors among all the twin pairs. This heterogeneity is represented by a Gausssian probability distribution, that is, the random pair effect, G , which is assumed normally distributed in the population.
We fit the random-effects logistic model in this paper using a FORTRAN program called MIXOR written by Hedeker and Gibbons. MIXOR can fit both dichotomous and ordinal responses and comprises both logistic and probit response functions. Since there is no closedform solution to the likelihood equation in the random-effect model, we used Gauss-Hermite quadrature to perform the numerical integration. Usually, the more points used, the more accurate the approximation, however the more time it takes. In the present paper, we used 20 quadrature points for model estimation. Table I shows the distribution of 854 exposure discordant pairs by the frequency of reported nightmares about military service in the past six months. Clearly, there were more data in the upper off-diagonal than in the lower off-diagonal, suggesting that in general, the twins who served in SEA were more likely to report nightmares than those who did not serve in SEA. Table II shows parameter estimates, standard errors, and Wald obtained from randomeffects and GEE logistic models for exposure discordant pairs (n"854). We fit the models for both a dichotomized response (grouping sometimes, often, and very often as a positive response) and the five-level ordinal response. For both dichotomized and ordinal responses, we estimated two models, one with only the exposure variable, service in SEA (unadjusted), and the other including potential person-varying confounding variables, such as education, branch of service, and the pair-varying variable, age (adjusted). Consider first the results from the random-effects models. For the dichotomized response, the estimate and standard error of the exposure (service 8)27). This odds ratio can be interpreted as a twin exposed to SEA was 5)70 times more likely to have nightmares than his cotwin who was not exposed. The estimated intracluster correlation (ICC) was around 0)40 (not shown in the table), suggesting moderately high correlation in responses between the MZ twins. The confounding variables had little effect on the estimates of the random-effect variance term, and the ICC. Both the estimates and standard errors from the GEE models were considerably smaller than those from the random-effects models. The crude odds ratio of nightmare for the exposure was 3)86 (95 per cent CI: 2)99-4)98). In contrast to that from the random-effects approach, this odds ratio can be interpreted as that subjects exposed to SEA were 3)86 times more likely to have nightmares than those not exposed. Adjustment for the confounding variables had little impact on the association.
RESULTS
In the random-effects models with ordinal responses, the parameter estimates for SEA were slightly smaller than those obtained from the corresponding models with dichotomized responses. However, the estimated standard errors were considerably smaller than those from the models with dichotomized responses. Thus, the test statistics (Wald ) for the exposure variable obtained from the ordinal models were considerably larger than those from the logistic models with dichotomized responses, indicating increased power for the ordinal model. The estimated in the ordinal models were slightly reduced when compared to corresponding models with dichotomized responses. Again, adjustment for confounding variables had little impact on the effects of the exposure, and the estimates of .
Compared to the GEE models with dichotomized responses, the estimates and standard errors of the exposure from the ordinal GEE model were also reduced, but the values of Wald increased. As with the dichotomous case, the GEE estimates from the ordinal models were smaller than those from the corresponding random-effects models.
In both GEE and random-effects models, it is possible to include not only exposure discordant pairs (n"854 pairs), but also exposure concordant pairs (n"1643 pairs) in the analyses. Table III lists the parameter estimates and standard errors from random-effects and GEE logistic models for all pairs. Again, the models were estimated for both dichotomized and the original ordinal responses. In all models, the estimates of the exposure variable were noticeably greater than those obtained from corresponding models with exposure discordant pairs, while the standard errors were noticeably smaller. Again, the models with ordinal response variable were more efficient than those with the dichotomized response variable. With all pairs included in the analyses, the standard errors for all the confounding variables were reduced, and the test statistics increased. The estimates of also increased. Adjustment for confounding variables slightly increased the effects of the exposure. Also, GEE estimates were in general smaller than those from the random-effects models. 
DISCUSSION
The substantive conclusion drawn from this study is the same as in the original paper. That is, service in Southeast Vietnam increased the risk of having the PTSD symptoms (nightmares about military experiences in this study). However, in this study, we observed considerably increased power in detecting exposure effects when compared to the analyses using a dichotomized response variable. For unmatched data, simulations have demonstrated that the asymptotic relative efficiency of simple logistic regressions applied to dichotomized responses ranges from 30 per cent to 80 per cent when compared to ordinal regressions (proportional odds models). The GEE and random-effects models present two distinct methods for analysing correlated categorical outcomes. The GEE approach models the marginal distribution of repeated observations for the twins and is analogous to an unmatched analysis, whereas the random-effects approach models the joint distribution of responses for the twins and the parameter estimates have a 'pair-specific' interpretation. In the dichotomous case, the odds ratio from a GEE model is the odds of the event among subjects with the exposure divided by the odds among subjects without the exposure. Since this odds ratio is the ratio of sub-population risk, regardless of the pairing, they are referred as population-averaged effects. On the other hand, the odds ratio from a random-effects model describes the change in the risk of disease or outcome for a given pair whose exposure status changes within the pairs (that is, exposure discordant twin pairs). Hence, the interpretation of the random-effects odds ratio is the same as the conditional likelihood approach when only exposure discordant pairs are analyzed. From this perspective, the randomeffects approach is more appropriate than the GEE approach in analysing co-twin control data. Nevertheless, there are some connections between the two approaches for both binary and ordinal models. Specifically, the estimates from the two approaches approximately satisfy the following equation:
One important feature of the random-effects approach is that it can readily accommodate missing data in the response variables. As Laird points out, random-effects models using maximum likelihood estimation provide valid inferences in the presence of ignorable nonresponse. By ignorable non-response, it is meant that the probability of non-response in one twin is dependent on the observed response of another twin within a pair and/or observed covariates.
The GEE approach discussed in this paper, however, requires stronger assumptioms regarding missing data, that is, missing completely at random (MCAR). In both random-effects and GEE approaches, missing data mechanisms may need to be specified in the model in the presence of non-ignorable missingness. The conditional logistic model cannot accommodate any missing data. In this study, we did not have a chance to investigate the impact of missing data since only 2 per cent of the responses were missing.
In the random-effects model, when only discordant pairs are used in the analyses, the estimated coefficient for the exposure variable involves only within-pair comparisons. Since the twins in each pair are identical in genetic material and may share many unknown environmental factors, these types of comparisons are immune from many confounding effects that may occur in the usual epidemiologic studies. However, exclusive use of discordant pairs means that a larger proportion of the data are 'non-informative' and not included in estimation or testing. As discussed by Hrubec and Robinette, when only discordant pairs are used, the sample may become so small that it may not have enough power to detect a difference in response. In the present study, it means that 66 per cent of the data provided no information on the effect of exposure. This study shows that the inclusion of both exposure discordant and concordant pairs in the analysis can substantially increase statistical power. However, the interpretation of the estimates is somewhat altered. In this situation, the estimated coefficient for the exposure variable involves both a within-pair comparison based on differences between twins for the same pair, and a between-pair comparison of average levels. Obviously, a between-pair comparison is not immune from the confounding effects that may occur in typical epidemiologic studies. To address this problem, Ten Have et al. suggested that in a random-effects model, this type of association could be decomposed into a within-cluster component and a between-cluster component. For example, to include all pairs in the analyses, we can rewrite equation (12) as
where represents the effect based on a between-pair comparison of the average level of exposure across all pairs, while 5 represents the effect based on a within-pair comparison only. The interpretation of and 5 is much clearer than that of the overall effect. We reran the random-effects ordinal model including all pairs using this decomposition of the exposure variable (service in SEA) and obtained 5 which was slightly reduced compared to the overall estimate (1)71 versus 1)75). Note that this decomposed within-pair estimate (1)71) is larger than that obtained considering only exposure discordant pairs (1)60 from Table II) due to the larger estimate of in the decomposed analysis. In random-effects models, the effects of the individual-level confounding variables also involve both within-pair and between-pair comparisons. Thus, they may differ from the effects estimated through the conditional likelihood approach. In addition, we can estimate the effects of pair-level variables (for example, age) with use of the random-effects approach, but not with use of the conditional likelihood approach, though we can estimate the interactions between pair-level variables and the exposure using both approaches.
In this paper, we used the random-effects and GEE approaches to analyse ordinal response data from a co-twin control study. For both approaches, the ordinal models have considerably increased power in detecting the effects of exposure when compared to the analyses using a dichotomized response. The interpretation of the effects of the exposure, however, is not the same between the two approaches.
